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Abstract: The integration of distributed renewable energy sources into the conventional power system network have created 
opportunities for electricity customers to reduce their electricity cost. This paper investigates the optimal power scheduling 
of a hybrid energy system connected to the grid in the presence of demand response strategy and inconvenience cost. A new 
proposed method of calculating the inconvenience cost which is dependent on total home appliance load, customer 
interruption cost (CIC) and delay time operation of home appliances is proposed. The hybrid energy system consists of solar 
photovoltaic (PV) module and battery bank storage system. The home appliance scheduling is formulated as a non-convex 
mixed integer programming with a binary decision variable to switch ON/OFF the home appliances. The optimization 
objective is to minimize both the total daily electricity cost and inconvenience cost of a residential customer with different 
time shiftable, power shiftable home appliances and customer time preference constraints. The results show that it is 
important to schedule home appliances and include their inconvenience cost so that home appliances are not only shifted to 
the lower electricity tariff periods but can also start at their customer preferred operation times. The results also show that 
the hybrid energy system is able to cater for all the energy requirements of home appliances during the day, reducing power 
demand from grid by a significant percentage and thus relieve the power system network and afford electricity consumers 
significant monetary savings. 
 
Keywords: Battery bank storage, customer interruption cost, demand response, electricity cost/bill, home appliance 
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1. INTRODUCTION 
 Demand side management (DSM) plays an important role 
in facilitating the integration of distributed renewable energy 
sources into the conventional power system network. It has 
been estimated that it could translate into as much as US$59 
billion in societal benefits by 2019 [1]. DSM programs can be 
categorized as demand response (DR) programs and energy 
efficiency programs. In DR programs the electricity 
consumers are given incentives to shift their loads during 
periods of peak demands [2, 3]. This reduces the stress on the 
power system network and allows for more electricity to be 
provided to customers with less expensive base load 
generation [4, 5]. Traditionally, DR programs have been 
applied to large electricity consumers such as industrial or 
commercial buildings [3]. These mechanisms are still very 
rare in residential customers where the implementation costs 
were considered to be relatively high. However, recent 
advances in integration of hybrid energy systems and 
development of smart home appliances have led to a new 
dimension of research to optimize the power control strategies 
between the power utility and the residential customer [6]. 
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Residential customers perform different daily activities during 
the day. These daily activities are characterized by different 
home appliances that are scheduled to operate at preferred 
time intervals [7]. Some of the home appliances are 
continuously connected throughout the whole day, e.g., 
refrigerator. These type of home appliances consume 
electricity throughout the day and have mechanisms to adjust 
their electricity consumption levels. In some cases, the home 
appliances are scheduled to run sequentially in order to 
complete a task or an activity. Many research studies have 
been done to minimize the electricity cost of residential 
customers through optimally scheduling their home 
appliances [8, 9]. However, in some research studies the 
constraints considered ignore that home appliances may have 
to run sequentially without interruption resulting in home 
appliances being scheduled at inconvenience times which 
may be inappropriate for their operation. It is therefore 
important to reveal further the resultant home appliance 
schedule achieved from the minimization of load and 
electricity cost to ascertain whether the load or cost reduction 
is not achieved as a result of inappropriate scheduling of the 
home appliances. The cost of scheduling home appliances at 
inconvenience times is commonly considered as 
inconvenience cost [8]. In most research studies, the 
inconvenience costs due to postponement of home appliance 
schedules are estimates from the load not supplied [8]. 
 However, the activity interruption cost incurred by the 
customer as a result of deferring some of their daily activities 
is not always equal to the energy not supplied or energy saved 
[10]. In most cases, the activity interruption cost incurred by 
electricity customers is far more than the energy not saved. 
Several research studies have been done to ascertain the cost 
of power supply interruption to different electricity customers 
daily activities [11, 12]. Generally, the cost due to power 
supply interruption of customer daily activities is represented 
as a customer damage function model [11, 13]. A customer 
damage function model is a linear representation of cost 
incurred by electricity customers whenever a power supply 
interruption occurs. This cost due to power supply 
interruption on residential customer daily activities is 
commonly referred to as customer interruption cost (CIC) 
[13]. The cost incurred by electricity customers is studied for 
different durations, seasons, time of day etc [13, 14]. In most 
cases, the customer damage function model is developed 
using customer interruption cost (CIC) estimates from 
customer surveys [11]. This is a good representation of the 
cost of power supply interruption to the daily activities of 
electricity customers since the cost estimates are taken from 
the electricity customers themselves. In this paper, a new 
hybrid energy system optimization model which uses the 
customer damage function model to represent the cost 
incurred by electricity customers due to postponement of their 
daily activities is proposed. The customer damage function 
model considered in this paper is taken from a customer 
survey performed in Cape Town, South Africa [15]. 
General home appliance scheduling models without storage 
and/or renewable energy sources are presented in [16, 17, 5]. 
On the other hand, the application of renewable energy 
sources, e.g., solar PV energy systems, and battery bank 
energy storage systems in residential customers is considered 
without home appliance scheduling problem in [18, 19, 20, 
21]. The main disadvantage of decoupling home appliance 
scheduling models and renewable energy sources including 
energy storage systems is that the cost saving opportunities 
that may exists between their interdependency is ignored [9]. 
Thus, the decoupled optimization models may forge 
suboptimal electricity consumption behavior as well as higher 
electricity costs than they would otherwise in a optimally 
efficient interdependent energy systems [21]. A review of the 
modeling techniques, solving methods, reliability, emission, 
uncertainty, stability, demand response(DR), and multi-
objective standpoint in the microgrid and Virtual Power Plants 
frameworks were presented [22, 23, 24]. The authors pointed 
the same concern about the exclusion of demand response 
strategies in optimization control of smart grids. The purpose 
of this paper is to formulate a practical optimization model for 
a residential customer in order to determine the optimal home 
appliance scheduling that simultaneously minimizes their 
daily electricity cost/bill and inconvenience cost. A case study 
of a hybrid energy system consisting of a solar PV module and 
battery bank storage system is presented. 
The main contributions of the paper are: 
(i) A new model that includes the customer damage 
function model to estimate the inconvenience cost 
due to postponement of residential customer home 
appliances time of operation.  
(ii) The constraints for time-shiftable and power 
shiftable home appliances are included in the 
analyses. The optimization model also includes 
constraints for home appliances to run sequentially 
without interruption and customer preference for 
home appliance to operate within particular time 
intervals at different energy consumption levels. 
(iii) The results show the electricity cost savings or 
reduction in demand during peak hours with the 
actual schedule of the home appliances presented. 
The rest of the paper is organized as follows: Section 2 
introduces the DR mathematical problem formulation; 
Section 3 presents the case study. Section 4 covers the 
numerical simulations using mixed binary integer linear 
programming on two scenarios and present obtained results. 
The conclusion is presented in Section 5. 
2. PROPOSED MATHEMATICAL CALCULATION 
METHODOLOGY 
In this section, the proposed calculation methodology for total 
daily electricity cost and the inconvenience cost is outlined. 
2.1. Total daily electricity cost  Ec  
To calculate the total daily electricity cost  Ec , the home appliance load at each given hour  h and the permissible 
power utility maximum hourly load  Uh must be known. Let A denote the set of home appliances for a residential customer. 
For each home appliance a A , the hourly home appliance 
demands are fixed constants during their operation periods. 
The home appliance demand scheduling vector La for the entire scheduling horizon (H) is given by Eqs. 1 and 2. 
 1 2, ,... ,... (1)h Ha a a a aL L L L L  
, 0 (2)h ha a h a
a A
L L U a A L

      
where + ,, ,h h hL L La fixed a flexible a , i.e, sum of fixed and 
flexible home appliance loads at any given hour h . Uh  is the 
permissible power utility maximum total hourly load and is 
limited by the power utility. This constraint is important to 
avoid simultaneous scheduling of home appliances at the 
same time. In this paper, the maximum total hourly load limit 
is set at 2400U Wh . 
Flexible home appliances are operated in optional time 
intervals. The residential customer is willing to defer its use 
for a later time or can be readily adjusted according to 
electricity price signals, e.g., water boiler, vacuum cleaner etc. 
The total load due to flexible home appliances at each given 
hour ,hL flexible a , is calculated using the calculation model explained in detail in ref [9]. The calculation model uses a 
binary switching vector, Sa , to select the optional operating time interval of flexible home appliances. By using the binary 
integer switching vector, Sa , the home appliance demand scheduling vector ,hL flexible a , is calculated as in Eqn. 3: 
, , , (3)T C Tflexible a flexible a flexible a flexibleL L S a A     
where ,TL flexible a , is the H H , circulant matrix of the fundamental home appliance load demand pattern given as 
,
cL flexible a ,below: 
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The binary integer switching vector Sa , is defined as: 
 1 2 , ,..., ,. . ,., h HS s s s sflexible a a a a a  
where    , 0;1 , 1, 2,..., ; 24.hflexible as h H H   It has only 
one non-zero element that is equal to one (1) to ensure that the 
home appliance is switched ON only once during each 
operation. The position of the non-zero element in the binary 
integer switching vector indicates the time slot, ( )h , at which 
the home appliance is switched ON. For home a A , this 
constraint is written as in Eqn. 4: 
1 (4),1
H hS flexible a
h


 
The fixed home appliances are switched ON and operate in 
fixed predetermined time intervals, e.g. lights, hand iron etc. 
The user would not defer the use of these home appliances to 
participate in demand response program as they impact 
heavily on their benefit. For example, security lights cannot 
be switched OFF during the night period as this pose a great 
security risk to the residential customer. For fixed home 
appliances the scheduling controller (SC) should know the 
beginning of acceptable operation time, ,fixed a , end of the acceptable operation time, ,fixed a , and acceptable operation time of the appliance, ,Z fixed a – where  1, , ;Z fixed a fixed a fixed a   . The SC should finish operation of the home appliance a Afixed  , by deadline i.e. the operation should be scheduled between ,fixed a  and 
,fixed a . Given the pre-set parameters ,L fixed a , ,Z fixed a , ,fixed a and ,fixed a , the total energy consumed, ,E fixed a , during the scheduling horizon is given by Eqn. 5 
, 1, , ,,,,
0, , ,,
(5)
hL a A Zfixed fixed a fixed a fixed afixed ah Zfixed aLfixed a
hL h andhfixed a fixed afixed a
 
 
         
 
Eq. 5 ensures that the home appliance operates during its 
acceptable operation time only and the total home appliance 
energy consumption during the scheduling horizon is equal to 
the total energy requirement for the home appliance operation. 
The aggregated residential customer home appliances load 
data used in this paper is presented in Table 1. The scheduling 
horizon ( )h for the home appliances is assumed to be 1 hour. 
The total hourly energy consumption of the vacuum cleaner, 
television (TV) and cooker are assumed to be the average 
hourly energy consumption in this paper. 
After getting the home appliance load as outlined above, the 
total daily electricity cost,  Ec , is then calculated. In most 
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research studies of DR programs in the literature, different 
techniques and algorithms to minimize total daily electricity 
cost of consumers are proposed [16, 25]. Commonly, time-
dependent electricity pricing scheme, e.g., time-of-use (TOU) 
electricity pricing scheme, is applied in many power utilities. 
In this type of tariff scheme, the electricity price is varied 
throughout the day according to time of day and/or season in 
order to encourage electricity consumers to change their 
electricity consumption behavior. By having more electricity 
consumers that are willing to curtail their home appliance 
loads during periods of higher electricity tariffs and/or shift 
the flexible home appliance loads to periods of lowest 
electricity tariffs, both the power utility and the electricity 
consumers are able to save revenue [26, 27, 28]. Fixed 
electricity pricing scheme has also been applied in some 
research studies [25]. The main disadvantage of this tariff 
scheme is that there is a disconnection between the electricity 
price rates paid by electricity consumers and the short-term 
power generation costs. This may lead to inefficient electricity 
consumption behavior by electricity consumers as they do not 
adjust their home appliance loads to suit the supply side 
conditions. Therefore, fixed electricity pricing schemes may 
result in suboptimal power control strategies by not taking 
advantage of the home appliance load shifting capabilities. In 
this paper, actual TOU electricity pricing scheme used in 
South Africa is adopted. The TOU electricity pricing scheme 
uses average hourly electricity charges for residential 
customers. 
Let the electricity price vector denote the time of use 
electricity price rate for a day i.e. 1 2, ,..., ,..., , 0h H h          .The residential customer utilizes the electricity pricing data to schedule home 
appliances in order to minimize the total daily electricity cost. 
The total home appliance load at each time slot, h , is given 
by hLa A a  .Therefore, the total electricity cost at each time slot, h , is calculated as in Eqn. 6. 
(6)h hh hE L Lac aa A a A
   
 
 
 
where + ,, ,h h hL L La fixed a flexible a ,  i.e, sum of fixed and flexible home appliance loads at any given hour h. The TOU 
electricity tariffs used in this paper are obtained from Eskom's 
2015/16 Tariff book1 and are shown in Table 2 below. The 
non-negative constant electricity prices are given in South 
African Rands (RSA) per kWh. 1 $ 15US RSA . 
2.2. Inconvenience cost 
Household activities tend to follow a daily pattern. When 
residential customers defer the use of their home appliances 
they incur an inconvenience cost. Several hypothetical 
inconvenience costs have been included in optimization of 
home appliance scheduling. However, home appliances are 
quite different and thus the inconvenience cost incurred by the 
residential customer is also diverse. This implies that 
residential customers need to be asked to estimate the 
inconvenience cost to their daily activities as it vary on daily 
and hourly basis. This creates an opening for a new approach 
Feb2015.pdf, Last accessed 15 November 2016. 
 to estimate the temporal variations of inconvenience costs of 
residential customers. 
To be able to quantify the temporal variations of 
inconvenience cost, customer valuations of how these effects 
of disruption affect the inconvenience experienced by 
residential customers is needed. Commonly, in most 
residential customer surveys, these valuations are often 
included and made on an inconvenience scale [29]. The
 
Table 1: Aggregate electricity customer appliance loads 
Appliance Type Ea (Wh) αa(h) βa (h)) Za (h 
Inflexible 
Lights (8) Non-Shiftable 36 7 9 3 
   12 14 3 
  200 18 22 5 
  150 23 6 9 
Hand iron Non-Shiftable 250 17 17 1 
Flexible 
Cooker Shiftable 750 7 9 1 
   12 14 1 
   20 22 1 
Television Shiftable 70 7 10 2 
   12 15 2 
   20 23 2 
Vacuum Cleaner Shiftable 400 10 12 2 
   20 22 2 
Inflexible without inconvenience 
Refrigerator (3)  
 
Power shiftable Hourly consumption = 350Wh - 540Wh Daily 
energy requirement = 10kWh 
1 24 24 
Air Conditioner    
 
Non-shiftable (Customer preference) Hourly consumption = 1kWh 12 16 5 
   20 22 3 
Water boiler  
- 
 
Power shiftable (Customer preferences) Hourly energy consumption = 0 - 1kWh    
  Total energy requirement = 1kWh 3 8 -  
  Total energy requirement = 1kWh 9 16 -  
  Total energy requirement = 1kWh 17 20 -  
EV   Power shiftable (Customer preference) Hourly consumption = 0.1 - 1.5kWh 21 9 -  
  Daily energy requirement = 5kWh    
Table 2: TOU electricity prices for residential electricity customers in South Africa 
Time (h) 1 2 3 4 5 6 7 8 9 10 11 12 
TOU prices (RSA/kW h) 40:88  40:88 40:88 40:88 40:14 64:13 92:93 92:93 92:93 64:13 64:13 64:13 
Time (h) 13 14 15 16 17 18 19 20 21 22 23 24 
TOU prices (RSA/kW h) 64:13  64:13 64:13 64:13 64:13 92:93 92:93 64:13 64:13 40:88 40:88 40:88 
values of the inconvenience scale are not used in absolute 
terms but rather to identify how residential customers rank the 
effect of power supply interruption on their daily activities. 
Such studies have been done by [14], where different 
household activity levels were calculated at different times of 
day. Fig 1 shows the results from such a research study. 
 
Place Fig 1 here 
To capture the CIC incurred by residential customers during 
power supply interruption on their daily activities, contingent 
valuation methods are commonly used. In contingent 
valuations, residential customers are asked how much they are 
willing to pay (WTP) to avoid power supply interruption on 
their daily activities or how much they are willing to accept 
(WTA) a power supply interruption on their daily activities. 
Fig 2 shows the CIC of residential customers in Cape Town, 
South Africa used in this paper [15]. The CDF model is 
defined by line curve ABCD. Generally, the CIC increases as 
the duration of power supply interruption to residential 
customer daily activities increases. However, it can be clearly 
seen that as the duration of power supply interruption 
increases beyond 1.25 hours the rate of increase of CIC 
decreases. The least rate of increase of CIC is when the 
duration of power supply interruption to residential customer 
daily activities is between 1.25hrs and 4hrs. 
Place Fig 2 here 
The CIC values are constrained between the studied duration 
of power supply interruption. The CIC values for any given 
duration of power supply interruption to residential customer 
daily activities are defined by Eqs. 7 and 8. 
2.83 9.7925 1.25
0.32 ( 1.25) 13.33 1.25 4 (7)2.72
3.38 ( 4) 13.65 4 117
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0 11 (8)h   
In the proposed model, the inconvenience cost is dependent 
on the home appliance load, CIC and operation delay time of 
the home appliance. The inconvenience cost for each home 
appliance, hICa ,, at any given hour, h , is formulated as a quadratic function as in Eq. 9. 
0, ,
0 2
0 , ,( ) (9)
a h a h
h h
a a a h a hIC L CIC       
where ,a h ,and 0,a h ,are the baseline and optimal switching times of home appliance a at time h ,. The quadratic function 
is preferred in this paper in order to increase the 
inconvenience cost exponentially as home appliance is shifted 
from its baseline switching time. The total inconvenience cost 
(IC) for all the home appliances is given as in Eqn. 10 subject 
to Eqn. 11 and 12. 
0, ,
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0 , ,
1
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, , 11 (11)a h a h    
00 11 (12)   
where 0 , is the weighting factor based on how much emphasis is given to inconvenience cost by the residential 
customer over the financial cost. Constraint 11 ensures that 
each home appliance is not shifted by more than 11 hours from 
its baseline switching time. This is because the maximum 
duration of power supply interruption for the CDF used in this 
research study is 11 hours. Constraint 12 ensures that the 
weighting factor lies between 0 and 1.  
3. CASE STUDY: HYBRID ENERGY SYSTEM 
The integration of renewable energy sources and demand 
response models in the conventional power system network is 
a new global research dimension for smart grids. In most 
research studies the most common renewable energy source 
considered for residential customers is the roof-top solar PV 
energy system [18]. However, the main disadvantage of solar 
PV energy systems has been identified as the dependency of 
its power output on intermittent solar radiation incident on the 
solar PV module. Several research authors have modelled the 
power output values of the solar PV energy system as 
stochastic values [19, 20]. This is intended to take into 
consideration the probability of occurrence of cloud cover on 
the solar PV module. However, in most cases, one probability 
distribution profile is used to represent the power output 
profile of the solar PV module and thus neglecting the time 
dependency of solar radiation levels during specific time 
periods of the day. In this paper, average solar PV module 
power output values for a case study location in South Africa 
are used in the analysis. 
Small-scale renewable generation grids for residential 
customers have presented a lot of challenges to power system 
operators. The two main challenges are that of reverse power 
flows and metering solutions. In South Africa, the use of smart 
meters with bi-directional flow of power is still very limited. 
Therefore, in this paper, a solar PV module with battery bank 
storage system, without in-feed to the grid is considered. 
Figure 3 shows the power flows for the hybrid energy system 
model considered in this paper. The maintenance and 
operation costs of the solar PV module and battery bank are 
not considered in the analysis. The hybrid energy system is 
designed for maximum use of solar PV module. Thus, at each 
time slot h the total home appliance electricity demand is 
supplied by the solar PV module.  
Place Fig 3 here 
During periods when solar radiation is high, the solar PV 
module is expected to generate enough power to supply the 
total home appliance electricity demand and/or charge the 
battery bank storage system until it reaches the maximum 
allowable capacity. However, the power output levels of solar 
PV module are not always adequate to supply the total home 
appliance electricity demand of the residential customer. 
Under such conditions, the backup battery bank storage 
system will complement the supply from the solar PV module 
by discharging the reserved power until minimum allowable 
capacity is reached. In cases where both the solar PV module 
and the battery bank storage system is unable to supply the 
total home appliance electricity demand, the extra energy 
requirement is supplied from the grid. The following section 
outlines how the solar PV module and battery bank are 
modeled in this paper. 
  
  
 
Table 3: Solar PV module power output for summer and winter seasons in South Africa 
Time (h) 1 2 3 4 5 6 7 8 9 10 11 12 
Average power output (kW) 0 0 0 0 0 0 0:083 0:478 1:161 1:966 2:377 2:516 
Time (h) 13 14 15 16 17 18 19 20 21 22 23 24 
Average power output (kW) 2:470 2:268 1:809 1:317 0:557 0:162 0:002 0 0 0 0 0 
3.1. Solar PV module and Battery bank model 
The power output of a solar PV module is a function of 
solar irradiance incident on the solar PV module at any given 
time. The average hourly solar PV module power output 
profiles are presented in Table 32 – Diogenes Barrel, 0184 
Pretoria, South Africa. The solar PV module power output, 
hPpv  and the total home appliance load, hLa , at any given time slot, h , determines battery bank charging power, ( )P hc , or discharge power, ( )P hD . As the battery bank charges or discharges its state of charge (SOC), ( )SOCP hB , at any given time slot h , depends on the SOC of the battery bank at the 
previous hour ( 1)h  , as in Eqn. 13 below. 
( ) ( 1) ( ) ( ) (13)SOC SOCB B C C D DP h P h P h P h      
where c , is the battery charging efficiency, and D , is the 
battery discharging efficiency 
In general, the available battery bank charge at any given 
time h is given as in Eqn. 14 below. 
 
1 1
( ) (0) ( ) ( ) (14)
h h
SOC SOC
B B C C D DP h P P P
 
   
 
     where (0)SOCPB , is the initial SOC of the battery bank, ( )1h Pcc   , is the power that has been accepted by the battery bank between 1  ,and h , and ( )1h P hDD   , is the power discharged by the battery bank between 1  , and h , 
To ensure that the battery bank does not charge and discharge 
at the same time the following constraint in E.q. 15 below is 
used. 
( ) ( ) 0 (15)C DP h P h   
The available battery bank charge must not be less than a 
pre-set minimum allowable capacity, minPB , and cannot be greater than the maximum allowable capacity, maxPB . If the battery bank operates outside the pre-set values, its life span 
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will be shortened. Eq. 16 ensures that the battery bank is 
bounded between the pre-set minimum and maximum values. 
 
maxmin ( ) (16)SOCSOC SOCB B BP P h P   
Where maxmin (1 ) (17)SOCSOCB BP DOD P   
where DOD is the allowable depth of discharge given as a 
percentage. In this paper, the depth of discharge is assumed to 
be 50%. This DOD value is known to prolong the lifespan of 
the battery [17]. The data for the solar PV module and battery 
bank energy system are presented in Table 4.  
Table 4: Solar PV module and battery bank energy 
storage system parameters 
Parameter description Quantity Units 
Battery bank   
Nominal capacity maxPB  10.3  kWh 
Charge efficiency ( c ) 0.98 % 
Discharge efficiency ( D ) 0.98 % 
Depth of Discharge (DOD) 50 % 
PV energy system   
Nominal design capacity ( maxPpv ) 3.395 kWp 
Inverter efficiency ( inv ) 0.98 % 
Charge controller efficiency ( cc ) 0.98 % 
 
In this paper, the optimal operation of the hybrid energy 
system is investigated using two scenarios. 
3.1.1 Scenario 1: Base case study 
In this scenario, the DR optimization objective is to 
minimize the total daily electricity cost without considering 
the inconvenience cost of the residential customer, i.e, 00 , and is defined as in Eqn. 18 
 1
,
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Thus: 
min min (19)T La
a A
DR P

   
 
subject to the following constraints: 1 – 5, 13 – 16 and Eqs. 
20 – 23. 
, 0 (20)h h h h ha PV D D L a h L
a A
L P P P U a A P

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2( ) ( ) ( ) (21)C C PVP h P h P h   
2( ) ( ) ( ) (22)PV D DP h P h P h   
1 2( ) ( ) ( ) (23)LP h P h P h   
3.1.2 Scenario 2: DR strategy with inconvenience cost 
In Scenario 2, the DR optimization objective is to minimize 
both the total daily electricity cost and inconvenience cost of 
the residential customer, i.e, 10  ,. The optimization objective is formulated as in Eqn. 24 below. 
   0, ,20min , 0 , , ,1 1min (24)ah ah
H H
h h
La La ah ah
h a Ah
DR P P CIC       
         
subject to the following constraints: 1 – 5, 11 – 16 and Eqs. 
20 – 23. 
3. RESULTS AND DISCUSSION 
All computations were carried out using Matlab software. 
In Fig. 4, the binary integer switching vector variables s07, s12, 
s20 and s09, s14, s22, take the value 1 indicating the operation 
time of cooker for scenarios 1 and 2 respectively.  
Place Fig 4 here 
The operation time of the cooker is shifted from s7 to s9, s12 to 
s14 and s20 to s22 when DR optimization with inconvenience 
cost for home appliance scheduling is applied. Figure 5 shows 
operation of TV for the different scenarios. The binary integer 
switching vector variable takes the value 1 at s08,09, s12,13 and 
s22,23 for scenario 1 and s09,10, s14,15 and s20,21 for scenario 2. 
The time of operation of the TV is shifted to the customer 
preferred end time during the day while in the evening the TV 
is shifted to start at the customer preferred starting time. On 
contrary, when DR optimization with inconvenience cost is 
applied, the operation time of TV during the day is shifted to 
customer preferred starting time and during the evening it is 
shifted further to the customer preferred end time. 
Place Fig 5 here 
The water boiler has flexible energy consumption levels 
and operates at different customer specified time intervals. It 
can be clearly seen from Figure 6 that the customer preference 
time intervals are not violated in the optimization models. 
When DR optimization with inconvenience cost is applied, 
the respective energy consumption profiles of the water boiler 
are almost similar to scenario 1, between 0300hrs to 0600hrs 
and 1500hrs to 1600hrs. The energy consumption of the water 
boiler is higher at s07,12,20 and s09,14,17,18,19 in scenarios 1 and 2 
respectively. 
Place Fig 6 here 
Figure 7 shows operation of vacuum cleaner for the 
different scenarios. The binary integer switching vector 
variable takes the value 1 at s10,11 and s21,22 for scenario 1 and 
s11,12 and s20,21 for scenario 2. The time of operation of the 
vacuum cleaner is shifted to 1100hrs and 1200hrs during the 
day while in the evening the vacuum cleaner is shifted to 
operate at 2000hrs and 2100hrs because of addition of the 
inconvenience cost to the DR optimization problem. The 
sequential operation of the vacuum cleaner can be clearly seen 
that it is not violated in all scenarios.  
Place Fig 7 here 
In Fig. 8, the electric vehicle is charged at different energy 
levels. From the figure, it can be clearly seen that the EV 
consumes more energy between 0100hrs to 0900hrs in all 
scenarios. During this time period both demand and cost is 
found to be less. The least energy requirement for the EV is at 
2200hrs for both scenarios. 
Place Fig 8 here 
Table 5 below shows the total daily electricity cost for the 
residential customer for all the scenarios. The results show 
that different scenarios yield different total daily electricity 
cost for the residential customer. 
Table 5: Total daily electricity consumption cost/bill of 
total home appliance load for different scenarios 
Scenarios Total daily electricity cost (RSA) 
Scenario 1  615.09 
Scenario 2 621.97 
In Figure 9, the power import from grid in scenario 2 has 
its first peak time occurring at 0700hrs as a result of three 
flexible home appliances all operating at this time, i.e., 
cooker, electric vehicle and water boiler. The second peak 
time for scenario 2 occurs at 2200hrs. At this time, in both 
scenarios, the water boiler is the only flexible appliance that 
is switched OFF. Much of the home appliance energy 
consumption is therefore coming from lights, TV, cooker, 
vacuum cleaner and electric vehicle. During this time the 
security lights are ON and therefore contributing to the total 
electricity consumption of the residential customer. The total 
daily electricity cost for scenario 2 is increased by about 1.1% 
when compared to scenario 1. Although there is an increase in 
cost the home appliance scheduling for flexible home 
appliances are in most cases starting at the preferred starting 
time of the residential customer. This point to the importance 
of inconvenience cost in DR optimization models for 
residential home appliance scheduling with flexible home 
appliances. The effect of flexible home appliances is very 
important to consider; however, it is also equally important 
not to shift all the home appliances to lower electricity tariff 
time periods without considering the inconvenience caused to 
the residential customer. By load shifting the flexible home 
 appliances during periods of higher electricity tariffs to the 
lowest electricity tariff periods the residential customer is able 
to save revenue. The use of TOU electricity tariffs therefore 
gives the opportunity for the residential customers to reduce 
their electricity cost through participating in DR strategies. 
Place Fig 9 here 
In Figure 10, the peak time for all scenarios occurs at 
2100hrs and 2200hrs. The effect of solar PV module is clearly 
seen from the graph. During times when the solar radiation is 
not present, the power import from grid is high.  
Place Fig 10 here 
However, during the day, the power output of the solar PV 
module increases and in both scenarios, it is able to supply the 
energy consumption for all the home appliances. It can be seen 
that between 0100hrs to 0600hrs, the battery bank is able to 
supply power to all the home appliances for both scenarios. 
During the day, the solar PV module and battery bank storage 
system are able to supply the total appliance load between 
1000hrs to 1900hrs for both scenarios. It can therefore be 
concluded that the use of solar PV module and battery storage 
bank have a significant effect on power import from the grid. 
Although the battery bank was able to supply the flexible 
home appliance between 0100hrs to 0400hrs, it was not 
enough to supply all the total energy requirement of all the 
home appliances for both scenarios between 0500hrs and 
0800hrs. There is higher power import from grid for scenario 
1 at 0800hrs before the solar PV module comes into effect. 
This was caused by the operation of water boiler and electric 
vehicle charging during this time. As the day progress, it can 
be seen that both the solar PV module and battery bank were 
able to cater for the total home appliance load for both 
scenarios. However, scenario 1 starts earlier at 0900hrs as 
compared to scenario 2 which starts at 1000hrs. During 
evening period, the battery bank in scenario 2 is able to supply 
the energy requirement of the home appliances until 2000hrs 
whereas for scenario 1 the battery bank only supplies the 
home appliance load until 1900hrs. The solar PV module was 
able to charge the battery bank between 0900hrs to 1700hrs 
and the stored energy was able to supply the excess energy 
requirement for the home appliances during sunset times 
4. CONCLUSION 
 This paper presents the optimal operation of a hybrid energy 
system connected to the grid, incorporating DR strategy and 
inconvenience cost. The optimization problem of home appliance 
scheduling is presented as a mixed integer programming with a 
binary decision variable for switching home appliance ON and 
OFF. The optimization objective is to minimize both the total 
daily electricity cost and inconvenience cost of a residential 
customer with different time shiftable, power shiftable home 
appliances and customer preference constraints. The strategy of 
DR combined with inconvenience cost shows that it is important 
to schedule home appliances with the inconvenience cost 
incurred by the residential customer so that home appliances are 
not only shifted to the lower electricity tariff time periods but can 
also start at their customer preferred starting time. The results also 
show that the hybrid energy system is able to cater for all the 
energy requirements of home appliances during the day and this 
help to reduce the strain on the grid. This implies that solar PV 
module power output and SOC of the battery bank are important 
parameters as it considerably affects the power flows of the 
hybrid energy system and the total electricity import from the 
grid. The results are important to both the residential customers 
and electricity suppliers, as they illustrate the optimal decisions 
considered in the presence of conflicting objectives. For 
residential customers, it can be used to balance the tradeoff 
between home appliance usage preferences and economic 
benefits. On the other hand, electricity suppliers can use the 
models to balance the tradeoff between electricity price and 
demand. 
The analysis performed in this research work assumes that the 
residential customer follows the optimal home appliance 
schedule obtained by the model. However, this is not the case as 
the daily activities of the residential customer can be influenced 
by other factors like weather or other incentive schemes provided 
by the power utility. Thus, future work is on-going on designing 
a dynamic electricity pricing to include other incentive schemes 
that can better manage the demand response and ensure the 
stability of the power supply as may be influenced by renewable 
energy sources. 
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